Response variability of neurons limits the reliability and resolution of sensory systems. It is generally thought that response variability in the visual system increases at cortical levels, but the causes of the variability have not been identified. We have measured the response variability of neurons in primary visual cortex (V1) of alert monkeys. We recorded from 80 single cells distributed over all V1 layers and from 8 parvocellular cells of the lateral geniculate nucleus. All cells were stimulated with a bar of near-optimal orientation, color, and dimensions while continuously monitoring the eye movements of fixation. To minimize the effects of eye movements, responses that occurred while the eye was relatively steady were selected for analysis. The impulses elicited by each stimulus presentation were counted, and the variance and coefficient of variation were computed. Both measures of response variability were much lower than reported previously for V1 cells of both alert and anesthetized monkeys. Our data show that fixational eye movements cause a large component of response variance in alert monkeys. Moreover, the reliability of V1 neurons is not obviously degraded compared with lateral geniculate nucleus cells. The high reliability of neurons in alert monkeys is consistent with expectations from conventional biophysical models, and it suggests that activity in a modest number of neurons may suffice to form a perceptual decision.
Response variability of single neurons is assumed to limit the sensitivity and resolution of sensory systems (Werner and Mountcastle, 1963; Heggelund and Albus, 1978; Tolhurst et al., 1983; Bradley et al., 1987; Scobey and Gabor, 1989; Vogels et al., 1989) . Understanding the nature and origins of this variability may facilitate relating performance of sensory neurons to sensory capacities of the organism (Bradley et al., 1987; Scobey and Gabor, 1989; Vogels, 1990; Zohary et al., 1994) . It is generally thought that the performance of cortical cells is highly variable; identical stimuli elicit responses that vary randomly in amplitude from presentation to presentation. Studies of striate cortex (V1) cells in anesthetized and paralyzed cats (Bradley et al., 1987; Rose, 1979; Dean, 1981; Tolhurst et al., 1983; Scobey and Gabor, 1989; Swindale and Mitchell, 1994) and monkeys (Schiller et al., 1976; Tolhurst et al., 1983) have shown that response variance of single cells is equal to or greater than mean response strength.
In contrast, response variance in subcortical structures, the retina (Croner et al., 1993) , and the lateral geniculate nucleus (LGN) (Schiller et al., 1976; Edwards et al., 1995) of anesthetized monkeys is substantially lower, and the variance does not increase much with response strength (Croner et al., 1993; Edwards et al., 1995) . These results suggest that the transformation between the LGN and V1 may be the locus where the large response variability arises.
Surprisingly, responses of V1 neurons in alert monkeys have been considered to be no more reliable than responses in anesthetized animals (Vogels et al., 1989; Snowden et al., 1992; Softky and Koch, 1993) . The apparent similarity between anesthetized and alert preparations is misleading, however, if variability in the two cases is generated by different sources. Uncontrolled fluctuations in responsiveness can be caused by sleep or anesthesia for neurons in the LGN (Maffei and Rizzolatti, 1965; Coenen and Vendric, 1972) and visual cortex (Bartlett and Doty, 1974; Ikeda and Wright, 1974; Livingstone and Hubel, 1981) , and prolonged paralysis has similar effects (Mountcastle et al., 1969) . In contrast, using alert animals has the advantage that a relatively steady physiological state may be assumed. Nevertheless, a different source of variability must be considered: the fixational eye movements of the animal. It is crucial that eye position, during data collection, is carefully monitored; otherwise, the idiosyncratic fixational eye movements can unpredictably modulate the stimulusgenerated responses Snodderly, 1987, 1997; Snodderly and Gur, 1995) .
Unlike experimental data for cortical cells, theoretical models of cellular spike generation mechanisms predict a low response variability (Knight, 1972; Softky and Koch, 1993) . To reconcile the high variability reported for cortical cells with biophysical constraints, Softky and Koch (1993) had to assume an unusual, and perhaps unrealistic , model involving either strong dendritic nonlinearities or strong synchronization among individual synaptic events. In this paper, we show that the response variance of cortical cells of alert monkeys is dramatically reduced if the influence of eye movements is minimized. Given these results, biophysical models need to account for less variability than previously thought.
To minimize the effects of fixational eye movements, we have recorded from single cells in V1 of alert monkeys but considered only responses generated while eye position remained relatively steady. Under these conditions, we find that neuronal responses are more reliable than previous results from either alert or anesthetized preparations. In addition, the variance of cortical responses is within the range of variance of subcortical responses. Thus, the enhanced response selectivity of cortical neurons continues to display reliable functioning in spite of increased anatomical complexity.
MATERIALS AND METHODS
Data acquisition. Single-unit recordings were made from three adult female monkeys. The recording sites were histologically verified (Snodderly and Gur, 1995) for 61 V1 and 8 LGN cells in one Macaca mulatta and one Macaca fascicularis. Nineteen additional V1 cells were studied in another Macaca mulatta monkey that is still undergoing experiments. These cells were assigned to V1 based on the visual field location of their receptive fields (RFs) and the location of the craniotomy and to cortical layers based on physiological criteria (Snodderly and Gur, 1995) . Details of training and recording procedures have been published (Snodderly and Kurtz, 1985; Gur and Snodderly, 1987; Snodderly and Gur, 1995) . Briefly, monkeys were trained to fixate on an LED for 5 sec. Eye position was monitored by a double Purkinje image eye tracker (2-3 minarc resolution) and sampled at 120 Hz by computer. The time of occurrence of nerve impulses was recorded to the nearest 0.1 msec.
Visual stimuli were generated by a Truevision ATVista video graphics adapter at a 60 Hz frame rate. Stimuli were red, green, blue, gray, or black bars of optimal orientation, color, and spatial configuration, 0.9 log units brighter or darker than the background of 1 candela/m 2 . Chromatic stimuli were generated by activation of individual guns of the color video monitor, a Barco 7351 or a Mitsubishi HL6605. Incremental (bright) stimuli were presented on a neutral gray background; decremental stimuli were presented on a background of a single color (Snodderly and Gur, 1995) . The bars were swept across the RF in a direction orthogonal to the long axis of the RF at 1.5-4°/sec. For 69% of the cortical cells, the eye position signal from the eye tracker was added to the stimulus position signal from the computer at the beginning of each video frame to compensate for eye movements Snodderly, 1987, 1997; Snodderly and Gur, 1995) .
Data analysis. The total count of spikes generated during one sweep of a bar across the RF was taken as a measure of the response strength. This measure allows for comparison with many previous studies, including those using alert monkeys (Vogels et al., 1989; Snowden et al., 1992; Britten et al., 1993) . Responses were selected for analysis by visual inspection of records of eye position during the 5 sec trials. Responses A direction-selective cell in layer 6 (2494r008) was stimulated by a 5 ϫ 83 min vertical green bar sweeping repeatedly left to right for 800 msec. Selected responses, marked with gray rectangles, are those generated during pauses in eye movements when eye position did not vary by more than Ϯ3 min during the period from 100 msec before the response until the response ended.
were included in the analysis if total displacement in eye position varied no more than Ϯ3 min during the 100 msec preceding the response (to allow for response latency) and during the response. For each cell studied, at least 6 and usually 10 or more, responses were selected for calculation of response mean, response variance, and coefficient of variation (CV) (SD/mean).
RESULTS

Effects of eye movements
Experimental records displaying complete data from six behavioral fixation trials are shown in Figure 1 . The stimulus sweeps across the RF of the cell six times in each trial while the monkey is attempting to maintain steady fixation. The graphs depict occurrence times for each nerve impulse along with a highresolution record of horizontal and vertical eye position. The fixational eye movements during the trials consist of slow drifts interposed with small (Ͻ30 min) fixational saccades and back-toback saccades (clusters) with spike-like waveforms. These spikelike saccade clusters are common during the involuntary movements of fixation but absent when shifting gaze with voluntary saccades (Snodderly, 1987 ). As we have demonstrated previously (Snodderly and Gur, 1995; Gur and Snodderly, 1997) , and as can be seen here, both slow and fast eye movements influence neural responses.
From the available 36 responses, 10 ( Fig. 1 , gray rectangles) were selected from time periods with minimal eye movement. The mean of the selected responses was 38.9 spikes with a variance of 21.2 spikes 2 . To demonstrate the effects of eye movements, we took the first 10 consecutive responses, not selecting for pauses in eye movements, and found that although the mean response (40.4 spikes) was not significantly different ( p ϭ 0.37), the variance (189.4 spikes 2) was significantly larger ( p Ͻ 0.005). Because for all trials, eye position was restricted to a rather small window (Ϯ30 min), this example shows that a small fixation window is not sufficient to prevent a powerful influence of fixational eye movements on the response variability of V1 neurons. To minimize variability, it is necessary to review a continuous record of eye position so that only unaffected responses are selected.
Response variability of individual cells
Response variance and CV as a function of response strength were measured for 21 V1 cells. Results for five representative cells are shown in Figure 2 . Different response amplitudes were elicited by varying stimulus contrast (Fig. 2a,b) or stimulus orientation (c-e). For all cells, variance was not systematically affected by response strength (left panels). This is the case whether responses were generated by different contrasts (a,b) or different orientations (c-e). The lack of a strong dependence of response variance on response amplitude led to significant decreases of the CV with increases in response amplitude, as can be seen in the right column.
Comparisons across cells
Although response variance in individual cells seemed to be independent of response strength, we considered the possibility that this could be attributable to the limited response range of the data from our individual cells. An alternative approach was to use the wider range afforded by analyzing data across our cell population to determine whether variance correlated with mean response (cf. Croner et al., 1993) . This analysis also made it possible to compare our results with previously published data (Vogels et al., 1989; Snowden et al., 1992) .
We studied response variance as a function of mean response amplitude for 80 V1 neurons and 8 parvocellular LGN cells. Recordings were made from all cortical layers. A total of 65 V1 cells were assigned to cortical layers as follows (L indicates layer): L2/3, 16; L4A, 4; L4B, 14; L4C, 17; L4C boundaries, 1 top, 1 bottom; L5, 5; L6, 7. The other 15 V1 cells were not assigned. Results from all cells are depicted in Figure 3 in a log-log plot in which each point represents one cell's response to optimal stimulation. All data were selected to minimize interference from eye movements, as illustrated in Figure 1 .
For 55 of 80 cortical cells, data were taken while compensating on-line for eye movements ("image stabilization") and for the remaining cells, there was no compensation for eye movements. Visual inspection of the graph showed no systematic differences between cells recorded under compensated and noncompensated conditions (Fig. 3, solid and open squares, respectively) ; thus, all were analyzed together. Note that using on-line compensation is beneficial when the spatial properties of the cell are demanding (e.g., strong end and side inhibition) and when the spatial phase of the stimulus is relevant (Gur and Snodderly, 1997) . However, in this dataset, none of the cells studied without compensation were end-inhibited, and we considered only the total response without regard to the exact position (spatial phase) of the moving stimulus. Thus, it is not surprising that there were no differences between the "compensated" and "noncompensated" groups.
A regression analysis of the data was performed using only the single units recorded in V1. Consistent with earlier work, the relationship between response variance and response strength for our V1 single-cell sample is well described by the power function:
This function corresponds to a line on a log-log plot ( Fig. 3) with intercept a and slope b. The best-fitting line for the logtransformed data yielded an intercept of a ϭ 0.24 and a slope of b ϭ 1.17, with a correlation coefficient r ϭ 0.76 ( p Ͻ 0.001). The individual data points in Figure 3 also show that response variability of the LGN units is similar to that of V1 neurons with similar response magnitudes. The average interspike interval for all cortical units was 13.1 Ϯ 6 msec. For comparison with other data obtained from V1 of alert monkeys, the regression line calculated by Vogels et al. (1989) for responses of single neurons to large grating patterns is plotted (Fig. 3, thin line) . In addition, the line specified by the mean values of the intercept and slope of responses of individual V1 cells to random dot patterns is depicted (Snowden et al., 1992) . We consider these mean values to be reasonable measures for comparison with our data, because Britten et al. (1993) have shown that the average of single cell variance-response relationships correctly describes the population response. The slopes of the regression lines are similar for all three data sets. However, the distances between the lines, which indicate differences in response variance for a particular response strength, demonstrate that both earlier studies found a consistently higher variance.
Contributions of eye movements to response variance
The most straightforward explanation of the larger variance in the earlier data is that it was generated by the eye movements of fixation, as illustrated in Figure 1 . To test this explanation, we analyzed data from 19 randomly selected cells, using 10 responses from each cell. Unlike our other analyses, these data were not selected to minimize the effects of fixational eye movements on individual responses. We merely required that eye position remain within a Ϯ40 min window for all responses, which is similar to the approach used in other laboratories. The results are illustrated in Figure 4 , along with the regression lines from Figure 3 .
When only an eye position window was imposed (Fig. 4 , open circles), variance was higher than when data were selected to minimize effects of the small eye movements of fixation (thick line). The regression line for data with the eye position window (dot-dash line) is shifted upward, and its intercept (0.81) is very different from the intercept of our edited data (thick line). In fact, it is much closer to the intercept of Snowden et al. (1992) (1.08). The similarity between our unedited data and the results of Snowden and co-workers (dashed line) is probably attributable to having permitted a similar amount of eye movement. Snowden et al. estimated the extent of eye movement in their experiments by measuring eye position at the end of a set of trials and then by computing the SD across trials. Assuming a normal distribution, one can calculate that eye position of their monkeys at the end of the trial could vary within a range of Ϯ0.4°. This value is an underestimate, because it ignores within-trial variation; thus, a more realistic assessment would be closer to the Ϯ0.67°window size we used. For comparison, Vogels et al. (1989) only required their monkeys to maintain fixation within a rather large window of Ϯ2.5° (Vogels and Orban, 1990) , and they found much higher response variance.
The overall pattern is that variability is linked directly to the amount of eye movement allowed during data collection. The highest variability is found when a large fixation window is used (Vogels et al., 1989; Vogels and Orban, 1990 ). An intermediate level of variability results from tightening the fixation criteria (Snowden et al., 1992) (Fig. 4 ; our unedited data). The lowest variance occurs when data are rigorously selected to minimize effects of eye movements ( Fig. 3; our data) .
The regression lines for the data of Snowden et al. and for our unedited data (Fig. 4) are similar to the relationship expected for a Poisson distribution (slope and intercept ϭ 1). This function may be a reflection of the random nature of the interaction between fixational eye movements and stimulus position.
Comparison with responses from anesthetized animals
We have also compared our data with response variability of neurons in V1 of anesthetized and paralyzed animals measured with similar stimuli (Schiller et al., 1976; Heggelund and Albus, 1978) . We calculated the CV for each of our V1 and LGN units. In Figure 5 , we compare the distribution of the CV data from alert monkeys selected to minimize effects of eye movements (top) with data from Schiller and colleagues (1976) from anesthetized, paralyzed monkeys (bottom). The mean CV of our sample (0.18) is approximately half that of the total sample from Schiller and co-workers (0.35). This difference is highly significant ( p Ͻ 0.001). The mean CV of V1 neuronal responses studied in anesthetized cats (0.35) (Heggelund and Albus, 1978) is the same as the mean for anesthetized monkeys; thus, responses from anesthetized cats are also more variable than our findings. The difference between the mean CV of our LGN and V1 samples is not significant, which suggests that there is not a sudden, large increase in variability in the transition from thalamus to cortex. However, data from a larger number of LGN units would be necessary to examine the possibility of systematic small differences. Rose (1979) has suggested another measure of response variability-response reliability-which is the mean divided by the SD (the inverse of the CV). Thus, a high index indicates good reliability. This index, averaged across our V1 sample (mean ϭ 6.65; SD ϭ 2.25), is higher than that reported by Rose (mean ϭ 4.64; SD ϭ 2.75) for V1 cells recorded in anesthetized and paralyzed cats. By every measure, the responses of V1 neurons in alert monkeys are more reliable than those in anesthetized animals, once the contribution of eye movements has been minimized.
DISCUSSION
The amount of variability, or noise, in spike trains is an important issue, because it constrains the ability of neurons to transmit information and thus shapes our modeling of information processing in the nervous system (Vogels, 1990; Softky and Koch, 1993; Shadlen and Newsome, 1994; Zohary et al., 1994) . Numerous previous studies have concluded that response variability of cortical cells is large (Schiller et al., 1976; Rose, 1979; Tolhurst et al., 1983; Bradley et al., 1987; Scobey and Gabor, 1989; Vogels et al., 1989; Swindale and Mitchell, 1994; Edwards et al., 1995) . Our results show that minimizing effects of eye movements in the alert state reduces the response variability of V1 cells to a level similar to that of LGN neurons (see Fig. 3 ).
Factors influencing response variability
The identification of eye movements as an important source of response variability in alert monkeys implies that different mech- anisms must underlie the high variability of data from anesthetized animals for which the eyes are paralyzed. It has been noted repeatedly that there are slow changes in responsivity in anesthetized animals that contribute strongly to response variability (Rose, 1979; Tolhurst et al., 1983; Bradley et al., 1987) . These changes may reflect fluctuations in synaptic activity traveling in waves through the cortical network (Arieli et al., 1996) .
One possibility is that the consistent responses we obtain from V1 cells are related to the strong inhibition that we believe is applied tonically to many "silent" V1 cells in alert animals (Snodderly and Gur, 1995) . Once a stimulus is effective enough to bring the input of the network above the threshold of the cell, firing is quite robust and consistent. In fact, the full variability of synaptic input to cortical cells in alert animals may only be evident in determining threshold. This is consistent with the fact that generation of weaker responses with nonoptimal stimuli increases the CV (Fig. 2 ) (see also Schiller et al., 1976; Heggelund and Albus, 1978) .
Sensory effects of eye movements
In our experiments, to optimize the responses we selected data when the eye was at rest and the stimulus was sweeping across the RF. Under normal circumstances, when observers inspect an object or a scene, effective stimulation results when the eyes drift across an object or saccade to it, generating for each new position a response in an array of cortical cells. In both experimental and natural situations, the effective stimulus is the transient change in light flux within the RF. The transient responses that are elicited may be more reliable than sustained responses generated under laboratory conditions (Bair and Koch, 1996) . Thus, it is possible that our data mimic natural conditions, because they are mostly generated as responses to stimuli of brief durations. Many RFs were quite small so that stimuli swept quickly across them, generating responses lasting only 100 -300 msec.
How the visual system distinguishes the effects of eye movements from movements of objects in the external world or other changes in the visual scene is an old and still challenging question (Jung, 1972) . Although we have minimized the effects of eye movements by our analysis procedure, we do not wish to imply that the visual system uses a similar selection mechanism to solve this problem. Eye movements have the distinguishing feature that the retinal image of the whole visual scene moves as a single entity, presumably generating an extensive array of synchronous discharges in the brain. In principle, the brain could use this synchrony to help distinguish the occurrence of an eye movement from the movement of an object. Synchronous activation by eye movements needs to be considered as part of theorizing about the role of synchronization in visual processing (Singer and Gray, 1995) .
One aspect of this synchrony may be manifested in the results of Snowden et al. (1992) , who found that area MT neurons showed no better reliability than V1 neurons, in spite of the fact that MT neurons are thought to pool inputs from many V1 cells (Snodderly and Gur, 1995) . If the noise of V1 neurons was uncorrelated from cell to cell, pooling should reduce the noise of MT cells, and it apparently does not. We suggest that the noise of V1 neurons is correlated because of eye movements, and this correlation may limit the effectiveness of pooling by MT neurons for reducing variability (Shadlen et al., 1996) .
Implications of our results
The low residual variability of V1 neurons after minimizing effects of eye movements has at least two other important implications. One relates to spike-generating mechanisms and the variability of spike trains. Because the leaky integrator model for spike generation predicts low variability (Knight, 1972; Softky and Koch, 1993) , the large response variability found previously for visual cortex cells has been puzzling and has led to unorthodox models of integration of synaptic input (Softky and Koch, 1993) . However, given the low residual variability we have shown, the conventional integrate-and-fire model, together with consideration of the effects of eye movements, should be able to account for more of the spike train characteristics than previously thought possible.
Our results also impact on studies relating single cell responses to perception. An observer making a perceptual judgment could presumably use the information from the most responsive and reliable cells in visual cortex. We propose that our analysis procedure provides an estimate of the activity of the most responsive and reliable cells, because it assures that the stimulus is optimally positioned and moved across the RF. Furthermore, the ability of a nerve cell to discriminate among stimuli is directly proportional to its response variance (Bradley et al., 1987; Scobey and Gabor, 1989) ; thus, the low variance of the most reliable neurons should result in a finer discriminative capacity than would be judged from the responses of nonoptimally stimulated cells. The availability to the observer of cells with superior discriminative ability implies that fewer cells should be needed to make a perceptual decision (Vogels, 1990) . It has been suggested that neuronal pools of ϳ100 cells may be needed to form the fundamental signaling units of visual cortex Shadlen et al., 1996) . Perhaps this estimate can be reduced when the influence of eye movements is better understood. 
